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First Genome-Wide Association Study on Anxiety-
Related Behaviours in Childhood
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Abstract
Background: Twin studies have shown that anxiety in a general population sample of children involves both domain-
general and trait-specific genetic effects. For this reason, in an attempt to identify genes responsible for these effects, we
investigated domain-general and trait-specific genetic associations in the first genome-wide association (GWA) study on
anxiety-related behaviours (ARBs) in childhood.
Methods: The sample included 2810 7-year-olds drawn from the Twins Early Development Study (TEDS) with data available
for parent-rated anxiety and genome-wide DNA markers. The measure was the Anxiety-Related Behaviours Questionnaire
(ARBQ), which assesses four anxiety traits and also yields a general anxiety composite. Affymetrix GeneChip 6.0 DNA arrays
were used to genotype nearly 700,000 single-nucleotide polymorphisms (SNPs), and IMPUTE v2 was used to impute more
than 1 million SNPs. Several GWA associations from this discovery sample were followed up in another TEDS sample of 4804
children. In addition, Genome-wide Complex Trait Analysis (GCTA) was used on the discovery sample, to estimate the total
amount of variance in ARBs that can be accounted for by SNPs on the array.
Results: No SNP associations met the demanding criterion of genome-wide significance that corrects for multiple testing
across the genome (p,561028). Attempts to replicate the top associations did not yield significant results. In contrast to
the substantial twin study estimates of heritability which ranged from 0.50 (0.03) to 0.61 (0.01), the GCTA estimates of
phenotypic variance accounted for by the SNPs were much lower 0.01 (0.11) to 0.19 (0.12).
Conclusions: Taken together, these GWAS and GCTA results suggest that anxiety – similar to height, weight and intelligence
2 is affected by many genetic variants of small effect, but unlike these other prototypical polygenic traits, genetic influence
on anxiety is not well tagged by common SNPs.
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Introduction
Anxiety disorders are among the most common psychiatric
disorders [1]. They often begin in childhood [2] and continue into
adulthood [3], when they become co-morbid with other psychi-
atric disorders especially depression [4] and entail significant costs
both to society and to the individual [5]. Quantitative anxiety-
related traits, assessed as clinical symptoms, e.g. [6] or personality/
temperament traits [7,8], are strong predictors of diagnosed
anxiety disorders [7].
Twin studies have shown that childhood anxiety in represen-
tative samples, like other complex traits, is influenced genetically,
e.g. [9]. Multivariate genetic studies indicate genetic overlap as
well as specificity between different aspects of anxiety and from
age to age as early as the preschool years [10] and into middle
childhood [11] and adolescence [12,13]. At age 7, the age of the
twins in the present study, parent ratings of anxiety-related traits
have been shown to be moderately heritable with both domain-
general and trait-specific genetic effects [11]. Similar results were
found at age 9 and for continuity from age 7 to age 9 [14].
Although these quantitative genetic findings are important, the
next step is to identify specific genes responsible for these effects.
Until recently, molecular genetic investigation into the aetiology
of anxiety relied on linkage and candidate-gene designs. Linkage,
which looks for co-inheritance between DNA variants and a
disorder within families, is a systematic strategy for detecting genes
of large effect size throughout the genome. However, linkage
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found few such large effects for common disorders like anxiety and
lacks power to detect more modest effects [15].
In contrast, allelic association, which looks for correlations
between an allele and a trait among unrelated individuals, is much
more powerful than linkage, but until recently, association has
been limited to the exploration of a few candidate genes and could
not be used to conduct a systematic search of the genome.
Candidate-gene association studies of anxiety-related traits
reported many associations but few of these associations have
stood the test of replication, similar to candidate-gene studies in
other domains in the life sciences [16].
Association studies became systematic with the advent of
genome-wide DNA arrays that genotype hundreds of thousands
of DNA variants throughout the genome and resulted in a
plethora of genome-wide association (GWA) studies [17].
Although the first major GWA studies were reported in 2007
[18], significant results have been reported for more than 200
traits in 1500 GWA studies [19]. The only GWA studies of
anxiety-related traits have focused on the personality trait of
neuroticism in adults and reported possible associations with
several genes [20,21,22]. However, no GWA studies of anxiety-
related traits in children have previously been reported.
The current study presents the first GWA study of anxiety-
related traits in children. The multivariate genetic results
mentioned earlier led us to consider trait-specific as well as
domain-general measures. Despite the success of GWA, reported
associations are of small effect size and together account for only a
modest proportion of the heritability of traits, known as the
‘‘missing heritability’’ problem [23,24]. One of many possible
reasons for the missing heritability problem is that potential
associations are missed by the common SNPs that are included in
extant DNA arrays. To test this hypothesis, a new technique,
described by Yang et al. [25] and implemented in a software
package called Genomewide Complex Trait Analysis (GCTA), has been
developed that allows estimation of the total genetic variance
captured by SNPs on a genome-wide DNA array, even though it
does not identify which SNPs are responsible for the genetic
influence [26]. For this reason, we also report GCTA results for
anxiety-related traits in childhood and compare them to our twin
study estimates of heritability from the same sample at the same
age and using the same measures.
Methods
Ethics Statement
Written parental consent was obtained prior to data collection
and the project received approval from the Institute of Psychiatry
ethics committee (05/Q0706/228).
Sample
The sample was drawn from the Twins Early Development
Study (TEDS), a multivariate longitudinal study which recruited
over 11,000 twin pairs born in England and Wales in 1994, 1995
and 1996 [27], whose families are representative of the UK
population [28]. Twins with severe medical problems or severe
birth complications or whose zygosity could not be determined
were excluded from the sample. To decrease heterogeneity of
ancestry, the sample was restricted to families who identified
themselves as white and whose first language was English. After
exclusions, 7834 pairs of twins had anxiety data available at age 7
(mean age = 7.06, SD =0.25). Although anxiety data were also
available at age 9, we did not use these data in our GWA analyses
because only half the sample were contacted at age 9 to provide
phenotypic data.
3747 DNA samples from unrelated children in TEDS were sent
for DNA array genotyping at the Wellcome Trust Sanger Institute,
Hinxton, UK as part of the Wellcome Trust Case Control
Consortium 2.
3665 samples were successfully hybridized to Affymetrix
GeneChip 6.0 SNP genotyping arrays using standard experimen-
tal protocols (see Text S1). 3152 samples (1446 males and 1706
females) survived stringent quality control procedures performed
(see Text S1), of whom 2810 also had anxiety data.
The replication sample was also drawn from TEDS children for
whom DNA and anxiety data were available but for whom
genome-wide genotyping was not available. After quality control,
both anxiety data and SNP genotyping were available for 4804
additional individuals. Of these, 2625 were unrelated children who
were also unrelated to children in the discovery sample; for 1742
children, their fraternal co-twin was in the discovery sample, and
for 437 children their fraternal co-twin was also in the replication
sample.
Anxiety-Related Behaviours Questionnaire (ARBQ)
Anxiety was rated by parents using the Anxiety-Related
Behaviours Questionnaire (ARBQ) [10]. The ARBQ is a
quantitative trait parent rating instrument for children in the
general population rather than a diagnostic tool. It includes items
that assess anxiety symptoms as well as aspects of anxiety-related
personality. The items are best structured as four latent variables
in childhood: negative affect, negative cognition, fear, and social
anxiety [11]. In order to investigate domain-general genetic
associations, we also constructed a general anxiety composite by
summing the standardised scores for these four variables. The
overall composite was crucial to produce a phenotypic measure
that was free from any scale-specific error. In addition, combining
standardised scores assured that none of the scales biased the
composite. The ARBQ has been shown to have good construct
validity, and high internal consistency [10]. In order to avoid the
skew that occurs for behaviour problem measures, the five anxiety
scores were quantile normalised (van der Waerden; ranks averaged
for tied data) [29]. Although the distributional properties of these
transformed scores are better, the correlation between the raw
scores and the transformed scores varied from .80 to .98 and
results were highly similar for the raw and transformed scores.
Genotyping
Genome-wide genotyping was done on AffymetrixGeneChip
6.0 SNP genotyping array with additional ,2.5 million SNPs
imputed from HapMap 2 and 3 and WTCCC controls Details
about genotyping and quality control are included in the Text S1.
13 SNPs for the top hits for the five anxiety-related scales from the
discovery sample were genotyped in the replication sample of 4804
individuals using the Sequenom MassARRAY iPlex GoldH system
(Sequenom, San Diego, USA). Three SNPs failed to meet quality
control criteria, leaving 10 SNPs available for the replication stage.
Statistical Analyses
Genome-wide association (GWA) analysis. Linear regres-
sion analyses were conducted using SNPTEST v2.0 [18] under an
additive model, using a frequentist method that accounts for
uncertainty of genotype information [30]. We included age, sex,
cohort and eight eigenvectors representing population ancestry as
covariates. Consolidation and summary of the GWA results was
performed in R (www.r-project.org) [31].
The strongest association results from the GWA were selected
for genotyping in the replication sample. Where imputed SNPs
were in LD with genotyped SNPs, the genotyped SNPs were
First GWAS on Anxiety-Related Behaviours
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preferred. However, one especially promising imputed SNP
(rs1113313) was also selected. The SNPs were selected that were
not in linkage disequilibrium (LD) with each other.
Sequenom genotyping results for the replication sample were
analysed using the same protocols and software as those in GWA
analysis. We conducted analyses using the total replication sample
as well as the subsample of individuals genetically unrelated to
each other or to individuals in the discovery sample. Although this
is somewhat unorthodox, power is crucial for replication and the
total sample provides maximum power because it maximises
sample size. If replication is found for the total sample, the
replication may be biased because the sample is not completely
independent of the discovery sample and more replication would
be required for definitive proof of replication. However, if the
results from the discovery sample do not replicate using the total
sample, this is the strongest possible evidence of failure to replicate
because our replication sample consists of a highly similar sample
tested at exactly the same age using exactly the same measures.
Genome-wide Complex Trait Analysis (GCTA). GCTA
does not attempt to identify specific variants associated with traits.
Instead, it uses chance genetic similarity among unrelated
individuals across hundreds of thousands of SNPs to predict
phenotypic similarity. We used the GCTA software package [25]
to evaluate the amount of the phenotypic variance explained by
the genetic information available from the Affymetrix 6.0 DNA
array. Detailed explanation of the methodology and procedure is
available from Yang et al. [26]. To remain consistent with the
procedure outlined by the proponents of the software, we initially
used all ,700,000 genotyped SNPs to calculate a genetic
relatedness matrix (GRM). However, GCTA results reported
previously for height, weight and intelligence used the Illumina
microarray, which was designed with specific focus on European
ancestry, whereas the Affymetrix microarray was less ancestry
specific. We found that by adding high-quality imputed SNPs (see
‘Genotyping’ section), thus increasing the number of SNPs to
,1.7 million, brought our GCTA estimates in line with previously
published estimates for height, weight and intelligence. Thus, we
used the 1.7 million SNPs to estimate how much of the heritability
as estimated by the classical twin method could be accounted for
by the available genetic information.
Results
Genome-wide Association (GWA)
Figure 1 presents quantile-quantile (Q-Q) plots for the five
anxiety-related traits. Q–Q plots graphically compare the
,1.7 million observed –log10 p values against the –log10 p values
expected on the basis of no association. Although there is some
increase of observed p values against expected p values for the
lowest p values, few of the associations fall outside the 95%
confidence bands (the grey areas), which indicates that there is
little evidence of significant deviation from the null hypothesis of
no association.
Figure 1. Log quantile-quantile (Q–Q) p-value plots for
1,724,317 single-SNP test of association of four anxiety-related
traits and the anxiety composite at age 7. Footnote: Expected (X-
axis) versus observed (Y-axis) p-values are plotted on the negative log
scale to highlight the strongest associations. The diagonal line
represents the null hypothesis and the grey polygons represent the
95% confidence interval (CI) of the null range. Significant association
would be indicated by departure of the p-value (black dot) beyond the
95% CI of the null range.
doi:10.1371/journal.pone.0058676.g001
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Figure 2 presents ‘Manhattan’ plots for the same traits that show
–log10 p values on the Y axis for the ,1.7 million SNPs across the
22 autosomes on the X axis. The p values on the Y axis are the
negative logarithms of the p values so that the highest points in the
plot represent the strongest SNP associations. The dotted
horizontal line represents suggestive significance (561027), not
genome-wide significance (561028). Regions with the strongest
associations were chosen for replication – for example, regions of
chromosome 6 and 12 that reached suggestive significance
(561027) for the anxiety composite and negative cognition scale
respectively. The association of the SNP on chromosome 6 with
negative affect (Figure 2) was not proposed for replication due to
the SNP’s low minor allele frequency (maf = 0.03). Table 1 shows
results in the discovery sample for the 10 SNPs that were also
successfully genotyped in the replication sample. Two of the lowest
p values in the discovery sample were SNP rs16879771, associated
with the anxiety composite (p = 6.2761027), and rs1952500,
which was associated with Negative Cognition (p = 4.1261027).
The significance of the remaining SNPs varied from 1024 to
821027. The amount of variance explained in the discovery
sample as indicated by the squared beta values varied from 0.09%
to 1.0%. Visual inspection of the genotype-specific means
suggested that none of the selected SNPs deviated from additivity.
Replication
Table 1 also includes results for the 10 SNPs in the replication
sample. None of the SNPs reached significance and the direction
of the associations in the replication sample was nearly at a chance
level (6 in the same direction as in the GWA analysis and 4 in the
opposite direction). These replication analyses were based on our
total replication sample of 4804 for which we had greatest power;
similarly negative results were found for our subsample of 2625
individuals which constituted a more independent but less
powerful replication sample.
Genome-wide Complex Trait Analysis (GCTA)
As described earlier, we used ,1.7 million SNPs to estimate the
GCTA Genetic Relatedness Matrix for our sample of 2810
individuals. Our sample included no known pairs related in the
traditional sense, which was confirmed by finding that no pairs
reached the standard GCTA relatedness cut-off threshold of 0.025
genetic relatedness. Table 2 summarises the GCTA estimates
obtained for the five anxiety-related traits and compares them to
twin study heritability estimates from the sample at the same age
using the same measures. Table 2 also includes GCTA estimates
for height and weight in our sample in order to compare our
results to previously reported results for height and weight. As
indicated in Table 2, our twin study heritability estimates are 0.80
and 0.84 for height and weight, respectively, and our GCTA
estimates are 0.35 and 0.42, all of which are comparable to results
reported in the literature [32]. Also similar to the literature
reviewed in the Introduction, our twin study heritabilities for
anxiety-related traits are substantial, varying from 0.50 to 0.61.
However, the GCTA estimates for anxiety-related traits were
much lower, ranging from only 0.01 to 0.19. None of the GCTA
estimates reached statistical significance (p,.05) due to the large
standard errors of estimates.
Discussion
This first genome-wide association study of anxiety-related traits
in childhood indicates that no common genetic variants of large
effect contribute to the heritability of these traits. Our sample of
2810 had 80% power to detect causal variants with effect sizes
Figure 2. Manhattan plots for 1,724,317 single-SNP test of
association for four anxiety-related traits and anxiety com-
posite at age 7. Footnote: Oberved p-values are plotted on a scale of
negative logs (Y-axis) against the SNP’s physical position in the genome
(X-axis). Black dots represent associations with p,561025 and the
horizontal dashed line represents suggestive significance with
p,561027.
doi:10.1371/journal.pone.0058676.g002
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greater than 1.4% of the variance and none were detected. Power
was calculated with the Genetic Power Calculator [33] using an
additive model with a genome-wide significance threshold of
p,561028. As seen in Table 1, the largest effect size from the
GWA analysis accounted for only 1% of the variance. Our power
calculations indicated that we had less than 80% of power to
detect a signal of this magnitude; thus this result should be
considered with caution until replicated. That said, these results
are similar to those found for other quantitative traits for which the
strongest associations account for about 1% of the variance such as
height [34], weight (GIANT Consurtium) [35], and cognitive traits
including reading [36], mathematics [37], and general cognitive
ability [38,39]. Our GWA results for anxiety-related traits in
childhood are compatible with a growing consensus from GWA
studies of complex traits that the largest effect sizes are very small
and that all known associations only explain a small portion of the
heritabilities of complex traits and common disorders, a gap that is
known as the missing heritability problem [23]. The missing heritability
problem can be seen in Table 2 in which our twin study estimates
of heritability for the five anxiety-related scales exceed 50%,
whereas the sum of the effect sizes of the 10 SNPs shown in Table 2
is less than 5% in the discovery sample, and negligible in the
replication sample.
Dozens of papers have been published about possible solutions
to the missing heritability problem [40]. One possibility is that
heritability might be overestimated in twin studies and another is
that the common SNPs on commercially available DNA arrays
might be missing associations due to very small effect sizes and also
might be caused by rare polymorphisms of larger effect sizes [41].
Some of these issues are addressed in part by GCTA analysis.
GCTA estimates overall genetic influence directly from overall
SNP similarity pair by pair for a large population of unrelated
individuals; in this sense, it is independent of the effect size of
individual polymorphism, although it is limited to detecting the
additive effects of the DNA array’s common SNPs and the variants
they tag. The large standard errors (Table 2) from our GCTA
estimates based on a sample of 2810 indicate the daunting
demands for power in trying to detect a tiny genetic signal from
the noise of 1.7 million SNPs: Most of the population differ by less
than 1% in overall SNP similarity across more than a million SNPs
[42]. Nonetheless, for height and weight, our GCTA estimates are
similar to those reported in the literature, which account for about
half the heritability of these ‘anchor’ variables [32]. In contrast,
across the five anxiety-related traits, the average GCTA estimate
of 10% (Table 2) is less than one-fifth of the average twin-study
heritability estimate of 55%. The total composite showed the
highest, albeit non-significant, GCTA estimate but even this
estimate was only about 30% of the twins study heritability
estimate, which fell below the expected 50%. Importantly,
consideration of the standard errors shows that if the SNPs
accounted for 50% of the twin study heritability, as has been found
with the ‘anchor’ variables height and weight, the GCTA results
would have been significant in our study.
Two hypotheses for explaining the gap between these anxiety-
related GCTA estimates and twin-study estimates are that GCTA
underestimates genetic influence or that twin studies overestimate
genetic influence, although these are not mutually exclusive
hypotheses. We know that GCTA underestimates genetic influ-
ence to some extent because it only captures causal variants that
are in linkage disequilibrium with the common SNPs used in the
analysis; it misses the effect of rarer DNA variants not tagged by
Table 1. Associations in the GWA discovery sample and in the replication sample for SNPs showing the lowest p values in the
GWA analysis.







rs7649323 3 C G 0.36 DCP1A Fear 0.06 0.02 7.4261026 0.11
rs4568308 4 A G 0.21 EREG, BTC, AREG Negative Affect 0.07 20.003 6.7361026 0.28
rs16879771 6 C T 0.08 CAP2 Anxiety Composite 20.07 20.03 6.2761027 0.15
rs4130405 8 A C 0.15 NIPAL2, KCNS2 Anxiety Composite 0.05 0.01 1.7061025 0.40
rs1113313 10 C T 0.41 VDAC2, SAMD8 Negative Cognition 20.06 20.04 4.2061026 0.44
rs2772129 10 A G 0.38 SORCS1, XPNPEP1 Social Anxiety 0.07 20.02 8.6861027 0.14
rs10787217 10 A T 0.24 SORCS1, XPNPEP1 Negative Affect 20.06 0.01 9.9861025 0.28
rs2922037 11 C T 0.16 API5, LRRC4C Social Anxiety 0.08 0.02 8.2261026 0.13
rs1952500 14 A C 0.12 STXBP6, NOVA1 Negative Cognition 0.10 20.06 4.1261027 0.13
rs9977125 21 C T 0.38 TMPRSS15, C21orf131 Anxiety Composite 0.03 0.02 1.2061024 0.05
Footnote: rsid – SNP id; chr – chromosome; maf – minor allele frequency; gene – nearest gene; p-values for the replication sample are one-tailed and uncorrected for multiple
testing.
doi:10.1371/journal.pone.0058676.t001
Table 2. Genome-wide Complex Trait Analysis (GCTA)







Negative Cognition 0.07 (0.12) 0.257 0.52 (0.03)
Negative Affect 0.07 (0.12) 0.281 0.50 (0.03)
Fear 0.19 (0.12) 0.057 0.59 (0.02)
Social Anxiety 0.01 (0.11) 0.479 0.61 (0.01)
Anxiety Composite 0.16 (0.11) 0.075 0.52 (0.02)
Height 0.37 (0.14) 461024 0.80 (0.02)
Weight 0.48 (0.14) 0.005 0.84 (0.02)
Footnote: SE – standard error; n with non-missing phenotypic data = 2806–2810
twin individuals (one co-twin per pair) for GCTA estimates and twin pairs for
heritability estimates.
doi:10.1371/journal.pone.0058676.t002
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these SNPs. In addition, GCTA only assesses additive genetic
effects. So, one possibility is that anxiety is influenced by rarer
DNA variants or nonadditive genetic effects to a greater extent
than height and weight.
On the other hand, our twin study heritability estimates for
parental ratings may be inflated – most estimates of heritability of
anxiety traits in childhood and adolescence using other assessment
techniques are around 30% [43], which would put our GCTA
estimates more nearly in range of accounting for half the
heritability. Another possibility is that, unlike in GCTA, non-
additive genetic variance can inflate estimates of additive genetic
variance in a twin study. That is because its estimation is generally
weak without extended family data [44].
It is important to resolve this issue of the gap between GCTA
and twin-study estimates of heritability in general and specifically
in terms of the possibility that the gap might be larger for anxiety-
related traits than for other complex traits. To the extent that
GCTA estimates account for heritability, it should be possible to
identify genes responsible for the heritability of anxiety using
common SNPs alone if samples are sufficiently large. Larger
samples could result in closing this gap by producing an increased
number of significant SNP associations in GWA and by providing
GCTA estimates with smaller error terms. That said, a recent
study reported GCTA estimate of 0.06(0.03) for neuroticism in a
sample of nearly 12,000 adults [40]. Suggesting that this gap might
remain opened until either data from exome-sequencing micro-
arrays are available (that tag rarer variants), or until whole-genome
sequencing identifies all variants of any kind [45].
Conclusion
Our GWA results for anxiety-related traits suggest that, similar
to other quantitative traits and common disorders, heritability is
caused by many genes of small effect. Our GCTA results suggest
that the genetic architecture of parent-rated anxiety-related traits
may differ from previously published results in showing a greater
gap between GCTA estimates of genetic influence and twin study
estimates of heritability. One implication of knowing that there are
no genes of large effect and that at least some of the genetic
variance can be accounted for by the common SNPs on current
DNA arrays is to increase sample sizes to detect associations of
small effect size. Eventually, polygenic prediction, using compos-
ites of hundreds or thousands of DNA markers, may reach levels of
predictive power useful at least for research if not for clinical
practice.
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SHORT COMMUNICATION
Finding the missing heritability in pediatric obesity: the
contribution of genome-wide complex trait analysis
CH Llewellyn1,2,3, M Trzaskowski2,3, R Plomin2 and J Wardle1
Known single-nucleotide polymorphisms (SNPs) explain o2% of the variation in body mass index (BMI) despite the evidence of
450% heritability from twin and family studies, a phenomenon termed ‘missing heritability’. Using DNA alone for unrelated
individuals, a novel method (in a software package called Genome-wide Complex Trait Analysis, GCTA) estimates the total additive
genetic influence due to common SNPs on whole-genome arrays. GCTA has made major inroads into explaining the ‘missing
heritability’ of BMI in adults. This study provides the first GCTA estimate of genetic influence on adiposity in children. Participants
were from the Twins Early Development Study (TEDS), a British twin birth cohort. BMI s.d. scores (BMI-SDS) were obtained from
validated parent-reported anthropometric measures when children were about 10 years old (mean¼ 9.9; s.d.¼ 0.84). Selecting one
child per family (n¼ 2269), GCTA results from 1.7 million DNA markers were used to quantify the additive genetic influence of
common SNPs. For direct comparison, a standard twin analysis in the same families estimated the additive genetic influence as 82%
(95% CI: 0.74–0.88, Po0.001). GCTA explained 30% of the variance in BMI-SDS (95% CI: 0.02–0.59; P¼ 0.02). These results indicate
that 37% of the twin-estimated heritability (30/82%) can be explained by additive effects of multiple common SNPs, and provide
compelling evidence for strong genetic influence on adiposity in childhood.
International Journal of Obesity advance online publication, 26 March 2013; doi:10.1038/ijo.2013.30
Keywords: Genome-wide Complex Trait Analysis (GCTA); missing heritability; children; twins; genetics
INTRODUCTION
Family history has long been recognised as an important risk
factor for obesity.1,2 Quantitative genetic analyses using twin,
family and adoption designs have demonstrated that familial
resemblance in body mass index (BMI) is largely due to genetic
similarity, with high heritability estimates reported from twin
studies (47–90%), and moderate-to-high estimates from family
(24–81%) and adoption studies (20–60%).3,4 A recent meta-
analysis of twin studies showed that heritability estimates were
on average 0.07 higher in children than in adults.3
Genome-wide Association Studies (GWAS) have made signifi-
cant headway in identifying single-nucleotide polymorphisms
(SNPs) that are related to the relative body weight, indexed using
BMI.5 A large meta-analysis of 123 865 adults from 46 studies with
follow-up in another 125,931 participants conducted by the
Genetic Investigation of Anthropometric Traits (GIANT) consortium
identified 32 SNPs robustly associated with adult BMI.5 The
majority of these SNPs (23–28) demonstrated directionally
consistent effects in age- and sex-adjusted BMI in children and
adolescents.5,6 A subsequent meta-analysis of 14 studies with
5530 cases of obesity and 8318 controls identified another two
SNPs associated with childhood and adolescent obesity that also
showed directionally consistent effects in the previous meta-
analysis of adult BMI.5,7
However, even in combination, the 32 established SNPs explain
o2% of the variation in BMI in either adults or children,5 although
there are some suggestions that the size of the association
between combined genetic obesity risk and adiposity may vary
over the lifespan, peaking during late childhood (age 11) and
early adulthood (age 20)8 in line with heritability estimates.
The mismatch between the high heritability estimates from
quantitative genetic analyses and the small proportion of
variation explained through GWAS findings across many complex
traits have come to be known as the problem of ‘missing
heritability’.9 Part of the missing heritability is likely to be due to
rare genetic variants and some non-additive genetic effects. These
contribute to the estimated genetic effect in quantitative genetic
studies, but are not detected in GWAS analyses that only capture
additive effects of common SNPs with minor allele frequencies of
X5%. A second possibility is that there are multiple additional
common genetic variants that contribute to the genetic effect
observed in quantitative genetic studies, but have such small effect
sizes that they cannot be detected even in the huge data sets used
in contemporary GWAS analyses. However, until there is direct
molecular genetic evidence for these additional sources of genetic
influence, missing heritability is not clarified, and questions will
remain about whether the heritability of obesity has been
overestimated by quantitative genetic studies.
A novel approach called Genome-wide Complex Trait Analysis
(GCTA) takes advantage of the fact that the degree of genetic
resemblance for common SNPs at the whole-genome level is
normally distributed among unrelated individuals. This can be
used to quantify the proportion of the variation in a particular
phenotype that is explained by the total common SNP similarity,
effectively a molecular genetic estimate of heritability.10 The
purpose of GCTA is not to identify specific SNPs related to the
target phenotype, but rather to estimate the total additive genetic
effect of the common SNPs used on currently available DNA
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arrays. Its value relative to GWAS comes from the fact that the
GCTA estimate includes the effect of SNPs well below the current
GWAS threshold.
GCTA has made major inroads into explaining the missing
heritability of adiposity in adults. The first report found a genetic
effect due to additive effects of common SNPs of 16.5%;11 a
remarkable order-of-magnitude increase compared with the effect
of known genetic variants, and not far off the lower limit for
additive genetic influence as estimated from family studies
(e.g.12). A second study produced very similar results, with GCTA
estimates of 14 and 10% in two independent adult samples.13 In
this study, we provide the first pediatric GCTA estimate of additive
genetic effects on adiposity in a sample of unrelated children. We
also include the twin-based estimate of heritability in the same
sample for direct comparison with the GCTA estimate by including
data from the co-twin in the same families.
SUBJECTS AND METHODS
Sample
Data were from the Twins Early Development Study (TEDS), a population-
based cohort of monozygotic and dizygotic twins (411 000 pairs) born
between 1994 and 1996 in England and Wales.14 Twins and parents
provided informed consent for each part of the study prior to data
collection. King’s College London’s Ethics Committee provided ethical
approval.
Genotyping
Genome-wide genotyping was completed in 2010 for one randomly
selected child in each of 3665 families; of these, 3152 (1446 male and 1706
female subjects) survived quality control criteria for ancestry, hetero-
zygosity, relatedness and hybridisation intensity outliers (for details see15).
Genotyping and quality control was done using the Affymetrix 6.0
GeneChip SNP genotyping array (Affymetrix Inc, Santa Clara, CA, USA)
using standard experimental protocols as part of the WTCCC2 project.16
SNPs were selected on their minor allele frequency (40.01), genotype
call-rate (40.80), Hardy–Weinberg Equilibrium (410! 20) and plate effect
P-value (410! 6), which resulted in B700 000 quality-controlled geno-
typed SNPs. In addition, there were B2.5 million SNPs imputed from
HapMap 2 and 3, and WTCCC controls, using the programme IMPUTE v.2
software.17 Imputed SNPs were screened using much more stringent
quality control that resulted in reduction to B1 000 000 SNPs, giving a
total of 1.7 million (quality controled) SNPs (for details see15). To control for
ancestral stratification, we performed principal component analysis using
EIGENSTRAT from EIGENSOFT package18 and identified significant axes
using the Tracy–Widom Test.19 This resulted in eight axes with Po0.05 that
were used as covariates in GCTA analyses.
Measurement of adiposity
Height and weight data were obtained in 2005 when the children were
8–11 years old, as part of a study of the heritability of adiposity.20 Parents
were sent detailed instructions and asked to record each child’s weight to
the nearest pound or tenth of a kg, and height to the nearest cm, as well as
the date of measurement. Parent- and researcher-measured heights and
weights were correlated 0.90 and 0.83 in a subsample of 228 families.20
BMI was calculated as weight (kg)/height (m)2. BMI values were converted
to s.d. scores (BMI-SDS) that take into account the child’s age and sex,
using 1990 UK growth reference data21 and computed with the
programme ImsGrowth.22 Reference values21 were used to exclude
implausible heights (o1.05 or 41.80m), weights (o12 or 480 kg) and
BMIs (o11 or 432).
Statistical analyses
All analyses were conducted on BMI-SDS that had been residualised for
age and sex effects using a regression procedure. We used the GCTA
package23 to quantify the proportion of variance in BMI-SDS explained by
1.7 million SNPs for the unrelated children with genotype and BMI-SDS
data. All possible pairs from a sample of 2269 individuals yields nearly 2.6
million pairwise comparisons (2 573 046). No pairs exceeded the GCTA
standard cutoff coefficient of 0.025 for genetic relatedness, confirming that
no two children in the analysed sample appeared to be genetically related
in the traditional sense. We performed standard ACE model-fitting analyses
using OpenMx24 to estimate the heritability of BMI-SDS for the same
sample of children by including anthropometric data from their co-twin to
provide a direct comparison for the estimate derived from GCTA. The fit of
the model was not of primary interest in this study; however, to assure a
‘good fit’, we used the full ACE Cholesky Decomposition Model (including
additive genetic (A), shared environmental (C) and unique environmental
(E) components), which is the full model and thus fits the data best and
also provides estimates of the A, C and E parameters.
RESULTS
Of the 3152 children with genotyping data, 2402 families (76%) had
provided anthropometric data and recorded age when the children
were measured. Data from four children were excluded because
they were reported as being o8 years old at the time they were
measured; and 80 data points were excluded for implausible
anthropometric results. Data from 22 children whose zygosity was
unknown were excluded from the analyses because they could not
be included in the twin analyses, along with a small number of
children (n¼ 27) with severe medical problems. Following exclu-
sions, 2269 children had genotyping and anthropometric data.
The sample characteristics for the children included in the GCTA
analysis are shown in Table 1. The average age was 9.9 years, 53%
were girls and 39% were from monozygotic (identical) twin pairs.
Their average BMI-SDS placed them close to the 1990 reference
value, with comparatively low rates of overweight (8.7%) and
obesity (3.6%).
The twin estimate of heritability of BMI-SDS in the sample was
82% (95% confidence interval: 0.74–0.88; Po0.001). Full results
from the twin modelling are available from the first author. The
GCTA estimate of genetic influence due to the additive effect of
common SNPs was 30% (95% confidence interval 0.02–0.59;
P¼ 0.02). SNP heritability was therefore equivalent to 37% of the
twin-estimated heritability (30%/82%). Figure 1 plots the variance
explained in BMI-SDS from the twin analyses and the GCTA.
DISCUSSION
This is the first pediatric study to use GCTA to estimate the genetic
influence on adiposity attributable to additive genetic effects from
common SNPs across the entire genome. Consistent with findings
in adults11,13 the GCTA method gave an order-of-magnitude
Table 1. Characteristics of the GCTA analysis sample
(n¼ 2269 children)
Mean (s.d.) or n (%)







Weight (kg) 33.28 (7.33)
Height (m) 1.39 (0.08)
BMI (kgm! 2) 17.03 (2.59)
BMI-SDS ! 0.02 (1.13)
Weight status
Healthy weight 1991 (87.7)
Overweight 197 (8.7)
Obese 81 (3.6)
Abbreviations: BMI, body mass index; BMI-SDS, BMI s.d. scores.
Heritability of pediatric obesity using GCTA
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increase compared with the GWAS estimates (1.5%), explaining
30% of the variance in BMI-SDS. This equated to 37% of the
estimate of heritability derived from the twin design (82%) in the
same families, and is comparable to many estimates derived from
family studies.3 Given that the 32 SNPs of the largest effect
account for only 5% (1.5/30%) of the total common additive
genetic SNP variance, these results suggest that 95% of the
variation due to common SNPs have been undetected through
GWAS. There are therefore likely to be hundreds of additional
causal variants influencing childhood adiposity.
This GCTA estimate is likely to be at the lower end of the true
additive genomic influence because it is limited to SNPs with a
minor allele frequency of X5%; rarer variants are therefore
excluded. In addition, causal variants that were not genotyped or
not highly correlated with the SNPs on the genotyping array will
also have been missed.
The GCTA value (30%) was larger than has been reported in
studies in adults (10–16.5%),11,13 suggesting that the additive
genetic effect from common SNPs on BMI may be slightly higher
for children. This is consistent with the higher estimates of
heritability from pediatric than adult twin studies.3,13 This may
reflect the fact that adults are more likely than children to be
making deliberate attempts at weight control, thus, limiting the
observed genetic effect. The larger value may also be explained by
the narrow age range of the sample, which reduces the effect of
gene by age interaction.
These results have clinical and public health implications.
Although the method used in the GCTA analysis cannot be used to
predict obesity risk for any one individual because the genetic
variants involved are not identified, the results underline the
importance of additive genetic effects in the development of
adiposity in childhood. This supports the current convention of
using parental weight status as a proxy for childhood obesity
risk.25 Targeting children of obese parents for early-life obesity-
prevention interventions, given that these children are most at
risk, might be a useful direction to take.
This study has limitations. BMI tends to be lower in twins than
singletons26 and consistent with this, the average BMI of the sample
placed them close to the 1990 reference value, and therefore below
contemporary levels of adiposity. The sample size meant that it was
not possible to carry out subgroup analyses. Height and weight
data were parent-reported, therefore may be less reliable than
researcher-measured anthropometrics, although they were found
to be reliable in a subsample of families.20 Lastly, the effects of
pubertal status were not examined in this study; differences in
pubertal status may have resulted in a slightly lower GCTA estimate
of additive genetic effects on BMI-SDS. The study’s strengths
included the opportunity to estimate heritability using the twin
design in the same sample for which we carried out the GCTA
analysis.
These results find that GCTA analysis explains a substantial
proportion of the genetic effect identified as ‘missing heritability’.
They provide compelling evidence that additive genetic influence
from multiple common SNPs is a powerful determinant of
adiposity in childhood.
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Figure 1. Comparison of variance explained in BMI (and s.e.) by
genetic influences from twin analyses and GCTA at age 10.
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ORIGINAL ARTICLE
DNA evidence for strong genetic stability and increasing
heritability of intelligence from age 7 to 12
M Trzaskowski1, J Yang2, PM Visscher2,3 and R Plomin1
Two genetic findings from twin research have far-reaching implications for understanding individual differences in the
development of brain function as indexed by general cognitive ability (g, aka intelligence): (1) The same genes affect g throughout
development, even though (2) heritability increases. It is now possible to test these hypotheses using DNA alone. From 1.7 million
DNA markers and g scores at ages 7 and 12 on 2875 children, the DNA genetic correlation from age 7 to 12 was 0.73, highly similar
to the genetic correlation of 0.75 estimated from 6702 pairs of twins from the same sample. DNA-estimated heritabilities increased
from 0.26 at age 7 to 0.45 at age 12; twin-estimated heritabilities also increased from 0.35 to 0.48. These DNA results confirm the
results of twin studies indicating strong genetic stability but increasing heritability for g, despite mean changes in brain structure
and function from childhood to adolescence.
Molecular Psychiatry advance online publication, 29 January 2013; doi:10.1038/mp.2012.191
Keywords: cognitive development; Genome-wide complex trait analysis (GCTA); intelligence; twins
INTRODUCTION
Although developmental research from childhood to adolescence
reveals species-general changes in brain structure and function,1,2
much less is known about the development of individual
differences within our species, which has been called ‘one of
the preeminent challenges of neuroimaging’.3 It is important to
understand the developmental etiology of individual differences,
because societal problems often involve individual differences—
for example, why some children are slow to speak, to learn or to
read. The description and causes of species’ means are not
necessarily related to the description and causes of variances
within a species.4 Two well-replicated genetic findings from twin
studies comparing monozygotic and dizygotic (DZ) twins suggest
hypotheses at the level of individual differences in cognitive
ability that may be relevant to neuroscience, to the extent that
brain structure and function underlie cognitive outcomes. These
twin-study findings involve general cognitive ability, which was
labeled g by Spearman more than a century ago,5 but is
commonly known as intelligence.6 g is the most researched
cognitive trait in genetics7 and has important links with
neuroscience.8,9
First, the heritability of g increases during development, even
from childhood to adolescence.10 This finding is counterintuitive
to the extent that genetic effects are thought to be static, and
environmental effects are expected to accumulate during
development. The increasing heritability of g also seems at odds
with the second genetic finding: The same genes largely affect g
throughout development.11 For example, in a longitudinal twin
analysis from childhood to adolescence, the genetic correlation
was estimated as 0.96, although the 95% confidence interval for
this estimate was 0.74–1.0.12 The genetic correlation is literally the
correlation between genetic effects on g at the two ages
independent of heritability.11 The high genetic correlation
implies that if a gene is found to be associated with g in
childhood, the gene is also highly likely to be associated with g in
adolescence. Later, we offer a hypothesis as to how heritability can
increase when genetic effects are stable from age to age.
These two genetic findings have not found much traction in the
neurodevelopmental literature. This neglect might be due in part
to a lack of attention to individual differences, but it might also be
due to skepticism about the twin method, which relies on some
major assumptions, most notably, equal environmental treatment
of monozygotic and DZ twins.11 Quantitative genetic designs such
as the twin method would no longer be needed if it were possible
to identify all of the genes responsible for heritability.13 However,
it has proven more difficult than expected to identify genes for
complex traits,14 including g,15 which has led to the refrain of
‘missing heritability’.16,17 Nonetheless, it is now possible to use
DNA itself to estimate genetic variance and covariance in any
sample of unrelated individuals, not just samples consisting of
special family members such as twins or adoptees. The method,
called genome-wide complex trait analysis (GCTA)18 correlates
genomic similarity across hundreds of thousands of single
nucleotide polymorphisms (SNPs) with phenotypic similarity in a
large sample of unrelated individuals.19 This population-based
DNA approach does not rely on the strong assumptions made in
classical twin studies. GCTA compares similarity across hundreds
of thousands of SNPs with phenotypic similarity pair by pair in a
large sample of unrelated individuals. Although conventionally
unrelated individuals only vary in their genetic similarity by a small
amount, GCTA accumulates all the genotype! phenotype
association signals using the massive information available in a
matrix of thousands of individuals, each compared pair by pair
with every other individual in the sample. GCTA has been used to
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estimate genetic influence for height,19 weight,20 psychiatric and
medical disorders,21–23 personality24 and even economic and
political preferences.25 GCTA has also been applied to g in adults26
and children.27 These GCTA estimates of genetic influence,
although substantial, have been lower than heritability typically
found in twin studies of these traits. Using the 12-year data from
the sample in the present report, GCTA and twin estimates of
heritability were compared explicitly for several cognitive
measures; the GCTA estimate of g was 35% and the twin
estimate was 46%.28 Precision in comparing GCTA and twin
estimates is important because, as explained later, this comparison
reveals important information about a trait’s genetic architecture.
This previous GCTA research involves univariate analysis in that
it decomposes the phenotypic variance of a single trait into
genetic and non-genetic components of variance. Recently, GCTA
has been extended to bivariate analysis, which decomposes the
phenotypic covariance between traits into components of
covariance. The first preliminary attempt to extend GCTA to
bivariate analysis reported a genetic correlation of 0.62 for g in
childhood (age 11) and old age.27 Here, we use a new bivariate
GCTA method18,29 to test the hypotheses of strong stability and
increasing heritability for g from age 7 to 12. We also compare
GCTA estimates with those from a twin analysis based on the
same sample at the same ages using the same measures.
MATERIALS AND METHODS
Sample
The sample was drawn from the Twins Early Development Study (TEDS),
which is a multivariate longitudinal twin-study that recruited over 11 000
twin pairs born in England and Wales in 1994, 1995 and 1996.30,31 TEDS is
representative of the UK population.32 The project received approval from
the Institute of Psychiatry ethics committee (05/Q0706/228), and parental
consent was obtained before data collection. Individuals were included if
their first language was English and they had no major medical or
psychiatric problems. GCTA was conducted on g at ages 7 and 12 for 2875
unrelated individuals in TEDS (only one member of a twin pair), of which
1334 had g data at both ages. Twin model-fitting analyses of g at ages 7
and 12 were conducted for 6702 TEDS twin pairs, of which 2269 pairs had
g data at both ages. As expected for representative twin studies, the twins
included similar numbers of monozygotic twins, same-sex DZ twins and
opposite-sex DZ twins.
Genotyping
Although DNA is available for more than 12 000 TEDS participants, funds
were available to genotype 3665 individuals (one member only per twin
pair) on Affymetrix GeneChip 6.0 (Affymetrix Inc., Santa Clara, CA, USA) SNP
genotyping arrays using standard experimental protocols as part of the
WTCCC2 project. In addition to nearly 700 000 genotyped SNPs, more than
one million other SNPs were imputed using IMPUTE v.2 software (https://
mathgen.stats.ox.ac.uk/impute/impute.html).33 DNA for 3152 individuals
(1446 males and 1706 females) survived quality control criteria. Of these
3152 individuals, 2875 had g scores at least at one age and 1344 had g
scores at both ages. To control for ancestral stratification, we performed
principal component analyses on a subset of 100 000 quality-controlled
SNPs after removing SNPs in linkage disequilibrium (r240.2).34 Using the
Tracy!Widom test,35 we identified 8 axes with Po0.05, which were used
as covariates in GCTA analyses.
Measures
The measures and testing procedures have been described in detail for
age 736 and 12.37 At each age, a composite index of g was derived from
two verbal tests and two non-verbal tests. At age 7, the two verbal tests
consisted of the Similarities subtest and the Vocabulary subtest from the
WISC-III-UK, and the two non-verbal tests were the picture completion
subtest from the WISC-III-UK and the Conceptual Grouping subtest from
the McCarthy Scales of Children’s Abilities. At age 12, the verbal tests
included the Information and Vocabulary subtests from the WISC-III-PI
Multiple Choice test, and the two non-verbal reasoning tests were WISC-III-
UK Picture Completion and Raven’s Standard and Advanced Progressive
Matrices. At age 7, testing was conducted by telephone as described
elsewhere;36 at age 12, testing was conducted online.37 For each cognitive
measure at each age, scores were regressed on sex and age and
standardized residuals were derived, ranked with random values given to
tied data, and quantile normalized.38,39 Finally, total composites for g were
created as unit-weighted means requiring complete data for at least three
of the four tests. All the procedures were executed using R (www.
r-project.org).40
Statistical analyses
Genome-wide complex trait analysis. The first step in GCTA is to calculate
pairwise genomic similarity between all pairs of individuals in the sample
using all genetic markers genotyped on the SNP array. Because GCTA is
designed to estimate genetic variance due to linkage disequilibrium
between unknown causal variants and genotyped SNPs from a sample of
unrelated individuals in the population, any close genetic relatedness is
eliminated; for this reason any individual whose genetic similarity is equal
to or greater than a fourth cousin is removed (estimate of pairwise
relatedness 40.025). The essence of GCTA is to compare a matrix of
pairwise genomic similarity to a matrix of pairwise phenotypic similarity
using a random-effects mixed linear model.18 In univariate analysis, the
variance of a trait can be partitioned using residual maximum likelihood
into genetic and residual components. Detailed description of this method
can be found in Yang, Lee et al.18 and Yang, Benyamin et al.19 The bivariate
method extends the univariate model by relating the pairwise genetic
similarity matrix to a phenotypic covariance matrix between traits 1 and 2,
allowing for correlated residuals.29 The eight principal components
described earlier were used as covariates in our GCTA analyses; as
mentioned, all phenotypes were age- and sex-regressed before analysis.
Twin modeling. The classical twin design and model-fitting is discussed
elsewhere.11 We fit a bivariate twin model using OpenMx,41 which
provided a direct comparison with the bivariate GCTA. The correlated
factor solution is the least restricted model allowing variables to correlate
with one another via genetic, shared environment and non-shared
environment. Because previous analyses of these data indicated
nonsignificant differences in model-fitting results between males and
females,32,42 we combined same-sex and opposite DZ twin pairs in order to
increase the power of the analyses. Twin analyses limited to same-sex
twins yielded highly similar results (available from the first author).
RESULTS AND DISCUSSION
Genetic stability
As shown in Table 1, the GCTA genetic correlation between g at
ages 7 and 12 was 0.73 (0.29 standard error, s.e.). Table 2 shows
that the twin-study yielded a highly similar genetic correlation of
0.75 (0.08 s.e.). The genetic correlation indexes the correlation
between genetic effects on g at the two ages independent of
heritability. That is, the genetic correlation can be high even if
heritability is low. It is also possible to weight the genetic
correlation by heritability in order to estimate the genetic
contribution to the phenotypic correlation. The phenotypic
correlation for g between ages 7 and 12 was 0.46 (0.02) for
2408 children (one member randomly chosen from each twin pair)
with g data at both ages. For GCTA, the genetic contribution to
the phenotypic correlation was 0.25 (0.11), which is the GCTA
genetic correlation weighted by heritability (that is, the product of
the square roots of the GCTA heritabilities of g at the two ages).
Another way of expressing this is as bivariate heritability, which is
the proportion of the phenotypic correlation that can be
attributed to genetic covariance. GCTA bivariate heritability was
0.60 (that is, 0.25C0.42), indicating that 60% of the phenotypic
correlation could be accounted for by genetic factors. The
comparable twin-study estimate of the genetic contribution to
the phenotypic correlation was 0.31 (0.03), yielding a bivariate
heritability of 0.68.
Increasing heritability
Despite the substantial genetic correlation of 0.73 from age 7–12,
GCTA estimates of genetic influence on g increased from 0.26
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(0.17 s.e.) at age 7 to 0.45 (0.14 s.e.) at age 12, although the large
standard errors indicate that the increase did not reach statistical
significance. Heritability increased significantly in the twin model-
fitting analyses, from 0.36 (0.03) at age 7 to 0.49 (0.03) at age 12.
Thus, GCTA estimates account for 74% of the twin-study
heritability estimate of g at age 7 and 94% at age 12.
Why genetic stability but increasing heritability?
In summary, GCTA confirms the twin-study hypotheses of strong
genetic stability and increasing heritability. In other words, the
same genes are largely (about 75%) responsible for genetic
influence on g at age 7 and age 12, yet the effect of these genes
(heritability) increases substantially from age 7 to 12. How is this
possible? We hypothesize that the same genes affect g from age
to age but heritability increases as children select their own
environments that are correlated with their g-related genetic
propensities,10 a process called genotype! environment
correlation.11 This hypothesis makes three predictions. The first
prediction is that g-related experiences will themselves show
genetic influence, for which there is considerable evidence from
twin studies.43,44 Second, the links between these experiences and
g are expected to be mediated genetically, evidence which is
beginning to emerge from twin studies.45 The third prediction is
that genetic links between g and experience should strengthen
during development, but this has not yet been investigated. These
genetic links are expected especially for experiences in which
children are able to select or modify their environments in line
with their genetic propensities, in contrast to environments
that are passively imposed on children. Supportive evidence to
date for this genotype! environment hypothesis relies on twin
data, but GCTA can also be used to address these issues with DNA
alone.
Genetic architecture
Our GCTA results clarify the genetic architecture of g in ways that
are relevant to solving the ‘missing heritability’ puzzle that has
emerged from the limited success of genome-wide association
studies to identify the genes responsible for heritability.46 Two of
the major hypotheses to account for missing heritability are
epistatic (nonadditive) genetic effects and rare variants, because
genome-wide association research is limited to detecting additive
genetic effects and genetic effects that can be tagged by the
common SNPs used to date on commercially available DNA
arrays.19 Because GCTA is also limited in these same two ways,
finding significant GCTA estimates of genetic influence provides
strong evidence that current genome-wide association research
Table 2. Bivariate twin model-fitting results (with standard errors) for general cognitive ability from age 7 to 12a
Genetic
Genetic variance at age 7 Genetic variance at age 12 Genetic covariance between age 7 and 12 Genetic correlation between age 7 and 12
0.36 (0.03) 0.49 (0.04) 0.31 (0.03) 0.75 (0.08)
Shared environment (C)
C variance at age 7 C variance at age 12 C covariance between age 7 and 12 C correlation between age 7 and 12
0.31 (0.03) 0.19 (0.03) 0.12 (0.03) 0.48 (0.11)
Non-shared environment (E)
E variance at age 7 E variance at age 12 E covariance between age 7 and 12 E correlation between age 7 and 12
0.33 (0.01) 0.32 (0.01) 0.03 (0.01) 0.09 (0.03)
aOpenMx twin model-fitting incorporates full-information maximum likelihood that uses the full sample of 6702 pairs of twins with data at either 7 or 12.
However, the variance estimates at each age are based on twin pairs with data at that age (5320 at 7, 4061 at 12), and the covariance estimates are based on
twin pairs with data at both ages (2269).
Table 1. Bivariate GCTA results (with standard errors) for general cognitive ability (g) from age 7 to 12a
(a) Genetic
Genetic variance at age 7 Genetic variance at age 12 Genetic covariance between age 7 and 12 Genetic correlation between age 7 and 12






Environmental covariance between age 7
and 12
Environmental correlation between age 7
and 12
0.74 (0.17) 0.55 (0.14) 0.18 (0.11) 0.28 (0.15)
Abbreviation: GCTA, genome-wide complex trait analysis.
aGCTA incorporates full-information maximum likelihood that uses the full sample of 2875 individuals with data at either 7 or 12. However, the variance
estimates at each age are based on individuals with data at that age (1908 at 7, 2329 at 12) and the covariance estimates are based on individuals with data at
both ages (1344).
bThe current version of GCTA does not report the environmental correlation or its standard error. The environmental correlation was derived here from the
GCTA estimates using the following algorithm: C(e)_tr12 / (OV(e)_tr1 *OV(e)_tr2), whereas the standard error was calculated using: Var(re) ¼ re * re * (VarVe1/
(4*Ve1*Ve1)þVarVe2/(4*Ve2*Ve2) þ VarCe/(Ce*Ce) þ CovVe1Ve2/(2*Ve1*Ve2) - CovVe1Ce/(Ve1*Ce) - CovVe2Ce/(Ve2*Ce)); SE(re) ¼ O[Var(re)] where re is the
environmental correlation, Ve1 is the residual variance for trait 1, Ce is the residual covariance between two traits, VarVe1 is the sampling variance for Ve1
(residual variance for trait 1), VarCe is the sampling variance for Ce, CovVe1Ve2 is the sampling covariance between Ve1 and Ve2, and CovVe1Ce is the
sampling covariance between Ve1 and Ce.
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strategies can detect the majority of the missing heritability if
samples are sufficiently large to provide power to detect
associations of small effect size. As noted above, our GCTA
estimates of genetic influence account for 74–94% of our twin-
study heritability estimates, which implies that most of the
missing heritability can be found with additive effects of common
SNPs. The heritability that remains missing might be due to
epistatic effects and rare variants.
In our longitudinal genetic analyses from age 7 to 12, the GCTA
estimate of genetic covariance is also somewhat lower than the
twin-study estimate. As shown in Table 1, the genetic covariance
for g between ages 7 and 12—that is, the genetic contribution to
the phenotypic covariance—is 20% lower for GCTA than for twins
(that is, 0.25 for GCTA and 0.31 for twins). However, the GCTA
genetic correlation of 0.73 is highly similar to the twin-study
genetic correlation of 0.76. The likely reason is that GCTA genetic
variance and covariance estimates are attenuated by imperfect
linkage disequilibrium between causal variants and genotyped
SNPs, but the GCTA estimate of the genetic correlation is
unbiased, because the genetic correlation is derived from the
ratio between genetic covariance and genetic variance. Because
GCTA genetic variance and covariance estimates are biased to the
same extent due to imperfect linkage disequilibrium, they cancel
each other out in the calculation of the genetic correlation, leaving
an unbiased estimate of the genetic correlation.
Implications for brain structure and function
To the extent that g indexes general brain function, the present
results suggest hypotheses for the etiology of individual
differences in brain development. The same genes can be
expected to be responsible for individual differences throughout
brain development despite the major mean changes that occur
during development. The hypothesis of increasing heritability for
individual differences in brain development points to genotype!
environment correlation as the process by which genotypes
become phenotypes. Importantly, the correspondence between
GCTA and twin results indicates that special samples such as twins
are no longer needed to test such genetic hypotheses in
neurodevelopment—GCTA makes it possible to test them in any
large sample of unrelated individuals.
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Abstract Very different neurocognitive processes appear to
be involved in cognitive abilities such as verbal andnon-verbal
ability as compared to learning abilities taught in schools such
as reading and mathematics. However, twin studies that
compare similarity for monozygotic and dizygotic twins sug-
gest that the same genes are largely responsible for genetic
influence on these diverse aspects of cognitive function. It is
now possible to test this evidence for strong pleiotropy using
DNA alone from samples of unrelated individuals. Here we
used this new method with 1.7 million DNA markers for a
sample of 2,500 unrelated children at age 12 to investigate for
thefirst time theextentof pleiotropybetweengeneral cognitive
ability (aka intelligence) and learning abilities (reading,
mathematics and language skills). We also compared these
DNA results to results from twin analyses using the same
sample andmeasures.TheDNA-basedmethod revealed strong
genome-wide pleiotropy: Genetic correlations were greater
than 0.70 between general cognitive ability and language,
reading, and mathematics, results that were highly similar to
twin study estimates of genetic correlations. These results
indicate that genes related to diverse neurocognitive processes
have general rather than specific effects.
Keywords Pleiotropy ! Intelligence ! Learning abilities !
Mathematics ! Language ! GCTA ! Twins ! Heritability !
Cognition
Introduction
Very different neurocognitive processes appear to be
involved in cognitive abilities such as reasoning and
mathematics (Deary 2000) However, quantitative genetic
research, largely based on twin studies, consistently indi-
cates that genes that affect individual differences in per-
formance in one domain are largely the same genes that
affect performance in other domains, leading to the Gen-
eralist Genes Hypothesis (Plomin and Kovas 2005).
It is now possible to use DNA itself to estimate genetic
influence in any sample of unrelated individuals rather than
relying on comparisons between monozygotic and dizy-
gotic twins. The method, implemented in a tool called
Genome-wide Complex Trait Analysis (GCTA; Yang et al.
2011a) does not attempt to identify specific genes associ-
ated with traits. Instead, it correlates genomic similarity
across hundreds of thousands of single nucleotide poly-
morphisms (SNPs) with phenotypic similarity in a large
sample of unrelated individuals (Yang et al. 2010). This
population-based approach does not rely on the strong
assumptions made in classical twin studies.
Univariate Linear Mixed Model (LMM) implemented in
the GCTA package has been used to estimate genetic
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influence for height and body mass index (Yang et al. 2010,
2011b), psychiatric and medical disorders (Lee et al. 2011),
personality (Vinkhuyzen et al. 2012), and cognitive abilities
(Davies et al. 2011; Plomin et al. 2013b). In contrast to
univariate genetic analysis, bivariate genetic analysis focu-
ses on the genetic correlation, the correlation between
genetic influences on different traits, called pleiotropy
(Plomin et al. 2013a). High genetic correlations between
phenotypes are often interpreted as an indication that the
same genes affect the phenotypes. Genetic correlations
between diverse cognitive abilities as estimated through twin
studies are typically greater than 0.60, indicating that cog-
nition-related genes largely have general pleiotropic effects
(Calvin et al. 2012; Plomin and Kovas 2005). However, the
genetic correlation estimated from twin studies could be
biased due tomisspecification of themodel of twin similarity
for genetic and non-genetic effects. In this study, we use the
GCTA package to estimate the genetic correlation between
traits in conventionally unrelated individuals based on DNA
evidence alone; this estimate is free of bias if we assume that
the sole reason for phenotypic similarity between conven-
tionally unrelated individuals is shared additive genetic
factors. For brevity, we refer to LMM used in the GCTA
package simply as GCTA.
Here we use bivariate GCTA (Lee et al. 2012; Yang
et al. 2011a) to test the Generalist Genes Hypothesis by
estimating genetic correlations between general cognitive
ability (‘g’, aka intelligence) and language, reading, and
mathematics. We compare these genetic correlation esti-
mates from GCTA to those obtained from the twin design
using the same sample assessed at the same age with the
same measures. We also analyze the variables of height
and weight for purposes of comparison.
Materials and methods
Sample and genotyping
The sample was drawn from the Twins Early Development
Study (TEDS), which is a multivariate longitudinal study
that recruited over 11,000 twin pairs born in England and
Wales in 1994, 1995 and 1996 (Haworth et al. 2012; Oliver
and Plomin 2007). TEDS has been shown to be represen-
tative of the UK population (Kovas et al. 2007). The pro-
ject received approval from the Institute of Psychiatry
ethics committee (05/Q0706/228) and parental consent was
obtained prior to data collection.
Cognitive and DNA data were available for 3,747 11-
and 12-year-old children whose first language was English
and had no major medical or psychiatric problems. From
that sample, 3,665 DNA samples were successfully
hybridized to Affymetrix GeneChip 6.0 SNP genotyping
arrays using standard experimental protocols as part of the
WTCCC2 project (for details see Trzaskowski et al. 2013).
In addition to nearly 700,000 genotyped SNPs, more than
one million other SNPs were imputed from HapMap 2, 3
and WTCCC controls using IMPUTE v.2 software (Howie
et al. 2009). 3,152 DNA samples (1,446 males and 1,706
females) survived quality control criteria for ancestry,
heterozygosity, relatedness, and hybridization intensity
outliers. To control for ancestral stratification, we per-
formed principal component analyses on a subset of
100,000 quality-controlled SNPs after removing SNPs in
linkage disequilibrium (r2[ 0.2) (Fellay et al. 2007).
Using the Tracy–Widom test (Patterson et al. 2006), we
identified 8 axes with p\ 0.05, which were used as
covariates in GCTA analyses.
The mean age of the sample was 11.5 years (SD = 0.66).
The sample sizes for the GCTA results shown in Table 1 are
2,325 for ‘g’ and language, 2,238 for ‘g’ and mathematics,
2,250 for ‘g’ and reading, and 2,296 for height and weight.
For the twin analyses, cognitive datawere available for 5,434
twin pairs (Davis et al. 2009); however, the twin analyses
presented here were based only on twins included in the
GCTA analyses in order to provide a more precise compar-
ison between GCTA and twin-study results. The numbers of
twin pairs were 2,205, 2,095, 2,104 and 2,162, respectively.
Measures
Cognitive data were collected online via the Internet using,
where possible, adaptive branching, which enabled measure-
ment of the full range of ability using a relatively small number
of items. Details about the following measures, including
references, are available elsewhere (Kovas et al. 2007).
General cognitive ability (g)
‘g’ was assessed from two verbal tests and two non-verbal
tests. The verbal tests included WISC-III-PI Multiple
Choice Information (General Knowledge) and Vocabulary
Table 1 Genome-wide Complex Trait Analysis (GCTA) and twin
study estimates of genetic correlations. Standard errors (SE) are
shown in parentheses. ‘g’ refers to general cognitive ability
Genetic correlation
Bivariate comparison GCTA (SE) Twin (SE)
‘g’ vs language 0.81 (0.15) 0.80 (0.06)
‘g’ vs mathematics 0.74 (0.15) 0.73 (0.03)
‘g’ vs reading 0.89 (0.26) 0.66 (0.05)
‘g’ vs height -0.13 (0.30) -0.03 (0.06)
‘g’ vs weight -0.04 (0.25) -0.06 (0.06)
Height vs weight 0.76 (0.13) 0.65 (0.02)
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Multiple Choice subtest. The two non-verbal reasoning
tests were WISC-III-UK Picture Completion and Raven’s
Standard and Advanced Progressive Matrices.
Language
Three components of language were assessed: syntax,
semantics and pragmatics. Syntax was measured using the
Listening Grammar subtest of the Test of Adolescent and
Adult Language. Semantics was assessed using Level 2 of the
Figurative Language subtest of the Test of Language Com-
petence. Pragmatics was assessed using Level 2 of theMaking
Inferences subtest of the Test of Language Competence.
Mathematics
Assessment of mathematics targeted three components of
mathematics: Understanding Number, Non-numerical
Processes, and Computation and Knowledge. The items for
these three scales were based on the National Foundation
of Educational Research 5–14 Mathematics Series.
Reading
Four measures of reading were employed. Two measures
assessed reading comprehension: the reading comprehen-
sion subtest of the Peabody Individual Achievement Test
and the GOAL Formative Assessment in Literacy for Key
Stage 3. Reading fluency was assessed by an adaptation of
the Woodcock–Johnson III Reading Fluency Test and by
the Test of Word Reading Efficiency, which was admin-
istered by telephone.
Composite measures for ‘g’, language, mathematics, and
reading. For each cognitivemeasure, outliers above or below
3SD from themeanwere excluded. Scoreswere regressed on
sex and age, and standardized residuals were derived and
quantile normalized (Lehmann 1975; van der Waerden
1975). Composite measures for ‘g’, language, mathematics,
and reading were created as unit-weighted means requiring
complete data for at least 3 of the 4 tests for ‘g’ and reading
and 2 of 3 tests for language andmathematics. All procedures
were executed using R (www.r-project.org; R Development
Core Team 2011). The phenotypic correlations among the
composite measures were 0.63 for ‘g’ and language, 0.63 for
‘g’ and mathematics, and 0.57 for ‘g’ and reading.
Height and weight
Height and weight were assessed on the same sample (age
12) via self-report. Similar to the cognitive measures,
outliers (± 3SD) were removed and scores were controlled
for age and sex. The phenotypic correlation between height
and weight was 0.63.
Statistical analyses
GCTA
Conceptually, the amount of phenotypic variance, or
covariance, explained by genetic factors is estimated by a
comparison of a matrix of pairwise genomic similarity to
a matrix of pairwise phenotypic similarity (Yang et al.
2010). Before the variance or covariance can be decom-
posed into genetic and residual components, we need to
calculate pairwise genomic similarity between all pairs of
individuals in the sample using all genetic markers gen-
otyped on the SNP array. Because the GCTA package
uses a random effects model to estimate genetic effects
from a sample of unrelated individuals in the population,
any pair whose genetic similarity is equal to or greater
than a fourth cousin is removed (estimate of pairwise
relatedness[0.025). In univariate analysis, the variance of
a trait can be partitioned using residual maximum likeli-
hood into genetic and residual components. Detailed
description of this method can be found in GCTA publi-
cations (Yang et al. 2010, 2011a, b). The bivariate method
extends the univariate model by relating the pairwise
genetic similarity matrix to a phenotypic covariance
matrix between traits 1 and 2 (Lee et al. 2012). The eight
principal components described earlier were used as
covariates in our bivariate GCTA analyses; as mentioned
in the previous section, all phenotypes were age- and sex-
regressed prior to analysis.
Twin modelling. The twin design and model-fitting is
discussed elsewhere (Plomin et al. 2013a). We fit a
bivariate Cholesky decomposition using OpenMx (Boker
et al. 2011), which provided a direct comparison with the
bivariate GCTA. The correlated factor solution is the least
restricted model allowing variables to correlate with one
another via genetic, shared environment, and non-shared
environment. Because previous analyses of these data
indicated nonsignificant differences in model-fitting results
between males and females (Kovas et al. 2007), we com-
bined same-sex and opposite-sex DZ twin pairs in order to
increase the power of the analyses.
Results
Table 1 shows GCTA-estimated genetic correlations (and
standard errors, SE) between ‘g’ and learning abilities for
more than 2,238 12-year-old UK twins (randomly selecting
only one member of each twin pair to control for potential
confounds, such as birth order) based on 1.7 million SNPs
measured from the Affymetrix 6.0 GeneChip or imputed
from HapMap 2,3 and WTCCC controls (Trzaskowski
et al. 2013). Genetic correlations are significant and
Behav Genet
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substantial for all three comparisons—between ‘g’ and
language (0.81), mathematics (0.74), and reading (0.89).
The GCTA-estimated genetic correlations between ‘g’ and
learning abilities are similar in magnitude to the GCTA-
estimated genetic correlation between height and weight
(0.76). In addition, Table 1 includes bivariate results for ‘g’
versus height and ‘g’ versus weight as ‘negative controls’;
their phenotypic correlations are both 0.07. As expected,
these comparisons yielded negligible and nonsignificant
genetic correlations (-0.03 and -0.06, respectively).
Table 1 also includes analogous genetic correlations
from twin model-fitting analyses, as estimated from the
same twin sample but including the co-twins (more than
2,095 pairs of twins). The GCTA-estimated genetic cor-
relations are highly similar to the twin study estimates and
do not differ significantly, as indicated by their overlapping
standard errors. The similarity of GCTA and twin estimates
of genetic correlations extend to the comparison between
height and weight as well as the negative control com-
parisons of ‘g’ and height and ‘g’ and weight.
Tables 2 and 3 show full results from the bivariate
GCTA and twin analyses, respectively.
Discussion
Using DNA evidence alone, these high genetic correlations
estimated from GCTA support the Generalist Genes
Hypothesis in showing strong pleiotropy between ‘g’ and
learning abilities, especially because we show that these
GCTA-estimated genetic correlations are as high as genetic
correlations estimated from the twin design.
Although GCTA does not identify specific genes associ-
ated with these traits, it addresses a critical issue in genome-
wide association studies: the extent to which common SNPs
used on commercially available SNP arrays can account for
the heritability of quantitative traits (Yang et al. 2011b). We
have shown in univariate GCTA analyses that, if samples
were sufficiently large, common SNPs could account for
more than two-thirds of the heritability of cognitive abilities
estimated in twin studies (Yang et al. 2011b; see also
Table 2). Why are univariate GCTA heritability estimates
less than the twin study estimates of heritability? As dis-
cussed elsewhere (e.g. Yang et al. 2010), themain problem is
imperfect tagging. The common SNPs used on all available
commercial arrays only capture what is in LD with them.
Rare variants, which have lower minor allele frequency, will
thus not be ‘tagged’ and their influence will be missed. In
addition, GCTAestimates additive genetic influence only, so
that non-additive effects (gene–gene and gene-environment
interaction) are not captured either.
A more novel question, and central to the present paper,
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correlations estimated by GCTA are as great as twin study
estimates. The likely reason is that attenuation of the
estimated additive genetic variance due to imperfect link-
age disequilibrium between causal variants and genotyped
SNPs applies to both the additive genetic variance of the
two traits and to their additive genetic covariance by the
same proportion. Thus, the GCTA estimate of the genetic
correlation is unbiased because it is derived from the ratio
between genetic covariance and the genetic variances of
the two traits.
Are generalist genes all in the mind (cognition) or are
they in the brain as well? That is, genetic correlations
between cognitive and learning abilities might be epiphe-
nomenal in the sense that multiple genetically independent
brain mechanisms could affect each ability, creating
genetic correlations among abilities. However, the genetic
principles of pleiotropy (each gene affects many traits) and
polygenicity (many genes affect each trait) lead us to
predict that generalist genes have their effects further
upstream, creating genetic correlations among brain
structures and functions, a prediction that supports a net-
work view of brain structure and function.
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! A! SE! C! SE! E!! SE! n/pairs! V(G)! SE! V(e)! SE! n!
MFQ#(depressive#symptoms)# 0.38# 0.06# 0.09# 0.05# 0.53# 0.02# 2683# 0.00# 0.12# 1.00# 0.12# 2698#
SDQ#Behavior#Problems#composite## 0.44# 0.06# 0.09# 0.05# 0.47# 0.02# 2668# 0.00# 0.12# 1.00# 0.13# 2690#
###Anxiety## 0.41# 0.03# 0.00# 0.01# 0.59# 0.02# 2668# 0.02# 0.12# 0.99# 0.13# 2687#
###Conduct## 0.37# 0.06# 0.06# 0.04# 0.57# 0.02# 2670# 0.00# 0.12# 1.00# 0.12# 2690#
###Hyperactivity## 0.46# 0.03# 0.00# 0.01# 0.54# 0.02# 2672# 0.00# 0.12# 1.00# 0.12# 2687#
###Peer#Problems# 0.40# 0.05# 0.02# 0.03# 0.57# 0.02# 2674# 0.00# 0.12# 1.00# 0.12# 2692#
# # # # # # # # # # # # #
#
# #
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B.#Parent#ratings# Twin#heritability# GCTA#heritability#
! A! SE! C! SE! E! SE! n/pairs! V(G)! SE! V(e)! SE! n!
Conners#ADHD#composite# 0.80# 0.03# 0.05# 0.03# 0.15# 0.01# 2686# 0.00# 0.12# 1.00# 0.12# 2692#
!!!Hyperactivity@Impulsivity! 0.79! 0.04! 0.09! 0.04! 0.12! 0.01! 2685! 0.06! 0.12! 0.93! 0.12! 2688!
!!!Inattention! 0.79! 0.01! 0.00! 0.01! 0.21! 0.01! 2687! 0.00! 0.12! 1.00! 0.12! 2693!
APSD#psychopathic#symptoms#composite# 0.49# 0.03# 0.35# 0.03# 0.16# 0.01# 2694# 0.00# 0.12# 1.00# 0.12# 2699#
!!!Callous@Unemotional! 0.31! 0.03! 0.54! 0.02! 0.15! 0.01! 2694! 0.02! 0.12! 0.98! 0.12! 2700!
!!!Impulsivity! 0.66! 0.04! 0.16! 0.04! 0.19! 0.01! 2687! 0.00! 0.12! 0.99! 0.12! 2697!
!!!Narcissism!total! 0.63! 0.04! 0.16! 0.04! 0.22! 0.01! 2695! 0.00! 0.12! 1.00! 0.12! 2700!
CAST#autistic#symptoms#composite# 0.73# 0.04# 0.06# 0.03# 0.22# 0.01# 2688# 0.09# 0.12# 0.91# 0.12# 2694#
!!!Communication! 0.76! 0.03! 0.01! 0.02! 0.23! 0.01! 2689! 0.00! 0.12! 1.00! 0.12! 2692!
!!!Non@Social! 0.72! 0.01! 0.00! 0.01! 0.28! 0.01! 2689! 0.00! 0.12! 1.00! 0.12! 2692!
!!!Social! 0.71! 0.02! 0.00! 0.01! 0.29! 0.01! 2687! 0.06! 0.12! 0.94! 0.12! 2693!
MFQ#(depressive#symptoms)# 0.71# 0.04# 0.06# 0.03# 0.24# 0.01# 2680# 0.00# 0.12# 1.00# 0.12# 2688#
SDQ#Behavior#Problems#composite# 0.60# 0.04# 0.21# 0.03# 0.19# 0.01# 2687# 0.00# 0.12# 1.00# 0.12# 2692#
!!!Anxiety! 0.61! 0.04! 0.02! 0.03! 0.38! 0.02! 2683! 0.00! 0.12! 1.00! 0.12! 2687!
!!!Conduct!total! 0.55! 0.04! 0.22! 0.04! 0.23! 0.01! 2685! 0.00! 0.12! 1.00! 0.12! 2691!
!!!Hyperactivity! 0.78! 0.01! 0.00! 0.01! 0.22! 0.01! 2687! 0.00! 0.12! 1.00! 0.12! 2691!
!!!Peer!Problems! 0.78! 0.01! 0.00! 0.01! 0.22! 0.01! 2685! 0.16! 0.12! 0.84! 0.12! 2690!
#
# #
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C.#Teacher#ratings# Twin#heritability# GCTA#heritability#
& A& SE& C& SE& E& SE& n/pairs& V(G)& SE& V(e)& SE& n&
APSD#psychopathic#symptoms#composite# 0.61# 0.05# 0.02# 0.03# 0.37# 0.02# 1901# 0.15# 0.16# 0.85# 0.16# 2129#
!!!Callous@Unemotional! 0.32! 0.08! 0.12! 0.06! 0.56! 0.03! 1891! 0.00! 0.16! 1.00! 0.16! 2125!
!!!Impulsivity! 0.63! 0.02! 0.00! 0.01! 0.37! 0.02! 1898! 0.24! 0.16! 0.76! 0.16! 2120!
!!!Narcissism! 0.65! 0.02! 0.00! 0.01! 0.35! 0.02! 1904! 0.50! 0.16! 0.50! 0.15! 2128!
CAST#composite# 0.48# 0.04# 0.00# 0.02# 0.52# 0.02# 1896# 0.00# 0.16# 1.00# 0.16# 2120#
!!!Communication! 0.50! 0.03! 0.00! 0.01! 0.50! 0.02! 1899! 0.00! 0.15! 1.00! 0.16! 2121!
!!!Non@Social! 0.47! 0.05! 0.01! 0.03! 0.52! 0.03! 1783! 0.00! 0.16! 1.00! 0.16! 2034!
!!!Social!total! 0.49! 0.03! 0.00! 0.02! 0.51! 0.02! 1886! 0.00! 0.16! 1.00! 0.16! 2117!
SDQ#Behavior#Problems#composite# 0.59# 0.03# 0.00# 0.02# 0.41# 0.02# 1919# 0.11# 0.15# 0.90# 0.15# 2137#
!!!Anxiety! 0.52! 0.05! 0.02! 0.03! 0.46! 0.02! 1912! 0.11! 0.15! 0.88! 0.15! 2135!
!!!Conduct! 0.54! 0.02! 0.00! 0.01! 0.46! 0.02! 1921! 0.26! 0.15! 0.73! 0.15! 2137!
!!!Hyperactivity! 0.57! 0.03! 0.00! 0.01! 0.43! 0.02! 1925! 0.05! 0.15! 0.95! 0.15! 2138!





















































































































































































































































































































































































































































































































































Vp_tr1! Vp_tr2! n_tr1*& n_tr2*!
V(G)_tr1! V(G)_tr2! C(G)_tr12! V(G)!/Vp_tr1! V(G)!/Vp_tr2! rG! V(e)_tr1! V(e)_tr2! C(e)_tr12! rE**!















V(G)_tr1! V(G)_tr2! C(G)_tr12! rG! V(c)_tr1! V(c)_tr2! C(c)_tr12! rC! V(e)_tr1! V(e)_tr2! C(e)_tr12! rE!
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